Abstract Given the importance of the potential positive feedback between methane (CH 4 ) emissions and climate change, it is critical to accurately estimate the magnitude and spatiotemporal patterns of CH 4 emissions from global rice fields and better understand the underlying determinants governing the emissions. Here we used a coupled biogeochemical model in combination with satellite-derived contemporary inundation area to quantify the magnitude and spatiotemporal variation of CH 4 emissions from global rice fields and attribute the environmental controls of CH 4 emissions during 1901-2010. Our study estimated that CH 4 emissions from global rice fields varied from 18.3 ± 0.1 Tg CH 4 /yr (Avg. ±1 SD) under intermittent irrigation to 38.8 ± 1.0 Tg CH 4 /yr under continuous flooding in the 2000s, indicating that the magnitude of CH 4 emissions from global rice fields is largely dependent on different water schemes. Over the past 110 years, our simulated results showed that global CH 4 emissions from rice cultivation increased by 85%. The expansion of rice fields was the dominant factor for the increasing trends of CH 4 emissions, followed by elevated CO 2 concentration, and nitrogen fertilizer use. On the contrary, climate variability had reduced the cumulative CH 4 emissions for most of the years over the study period. Our results imply that CH 4 emissions from global rice fields could be reduced through optimizing irrigation practices. Therefore, the future magnitude of CH 4 emissions from rice fields will be determined by the human demand for rice production as well as the implementation of optimized water management practices.
Introduction
Methane (CH 4 ) emissions from rice cultivation have long been recognized as one of the dominant contributors to anthropogenic greenhouse gas emissions [Ciais et al., 2014; Tian et al., 2016b] . Rice field, a unique humandominated ecosystem, shares the fundamental set of controls as natural wetlands and meanwhile incorporates different agronomic practices, such as irrigation and fertilizer use [Bridgham et al., 2013] . The net CH 4 flux is determined by both the production from methanogens and the consumption from methanotrophs [Lee et al., 2014; Tian et al., 2010] . Previous studies have shown that the CH 4 emissions from rice fields were influenced by the farming types (irrigated, rainfed, and/or deep water) [Yan et al., 2009] , nitrogen fertilizer use [Banger et al., 2012] , organic input Yan et al., 2009] , and rice varieties . In the last 50 years, global rice harvest area increased by 40% due to rice expansion and intensification [Burney et al., 2010 ; Food and Agriculture Organization of the United Nations Statistics Division (FAOSTAT), 2014], which has greatly increased CH 4 emissions. The rapid increase in CH 4 emissions is expected to continue in the near future due to the increasing demand for food [U.S. Environmental Protection Agency, 2012] . Therefore, it is vital to better understand the current magnitude and spatiotemporal patterns of global CH 4 emissions from rice fields.
Previous studies have illustrated the complicated environmental controls on CH 4 emissions. For example, global warming could increase the rate of root decay, which provides quantitatively important substrates for CH 4 production [Tokida et al., 2011] . On the other hand, rice is very vulnerable to high temperature and a few hours of exposure to overheating could cause complete sterility and poor milling quality [Laborte et al., 2012] , which may reduce carbon substrates for CH 4 emissions. Precipitation could influence the water availability of rice fields, especially for the rainfed rice. The shortage of water could greatly reduce the CH 4 emissions. Elevated atmospheric CO 2 concentration may stimulate the CH 4 emissions through providing more methanogen-favored carbon substrate [Dijkstra et al., 2012; van Groenigen et al., 2011] . The effects of nitrogen fertilizer use are complex and can either stimulate or inhibit the CH 4 emissions by influencing the microbial activities [Banger et al., 2012] . Irrigation could change the water status of the soil, which further determines the oxygen availability of the soil and greatly affects the CH 4 producing and oxidizing capability. Elevated ozone concentration could reduce the rice productivity, inhibit the microbial activities, and suppress the belowground carbon processes, which together decrease the CH 4 emissions [Ren et al., 2007; Zheng et al., 2011] . These environmental factors could individually and interactively affect the CH 4 processes. However, how multiple environmental factors together influenced CH 4 emissions from rice fields has not yet been well investigated at the global scale.
Various approaches have been applied to estimate CH 4 emissions from rice fields. Inventory method provides regional-scale estimations of CH 4 emissions from rice fields based on country-specific (or county-specific if applied) statistical data of harvest area, emission factor, and scaling factor Chen and Prinn, 2006; Yan et al., 2009; . In the top-down approach, atmospheric CH 4 measurements with prior information and transport model are used to estimate the CH 4 emissions. However, both approaches have large limitations when estimating the CH 4 emissions from rice fields. For example, universal emission factors used in inventory methods over large areas without considering the environment heterogeneities limit our ability to predict the feedback between climate change and rice CH 4 emissions. On the other hand, top-down approach is hard to differentiate multiple sources. It has been suggested that transport model itself could lead to 5% to 48% errors [Locatelli et al., 2013] . Meanwhile, reliable estimation of top-down approach may also be constrained by the prior information used, which is usually derived from either inventory estimation or bottom-up estimation [Bergamaschi et al., 2007; Bloom et al., 2010; Frankenberg et al., 2005] . Bottom-up approach, i.e., process-based models which consider multiple environmental factors, land surface heterogeneities, and major pathways of CH 4 processes (e.g., CH 4 production, CH 4 oxidation, and CH 4 transportation), provides spatially explicit estimates of annual CH 4 emissions . Meanwhile, it has the capability to quantify the relative contribution of driving factors, such as atmospheric CO 2 concentration, climatic variability, nitrogen enrichment, and cropland management practices, which is vital for policy decisions on climate change mitigation [Bridgham et al., 2013] .
Globally, Southeast Asia dominates the CH 4 emissions from rice fields, due to the large rice area occupancy in this region [Yan et al., 2009] . China and India, as the most populous countries in the world, account for 20.0% and 28.5% of the global rice area, respectively [FAOSTAT, 2014] . Approximately 90% of the rice fields are sufficiently irrigated in China, with high spatial-temporal variations in water regimes due to various irrigation strategies in recent decades . Over 46% of rice cultivation area is irrigated in India [Banger et al., 2015a; Jain et al., 2000] . Thus, up-to-date information for rice area with accurate water management in those two countries could greatly improve our understanding of global estimation of rice emission.
In this study, we used the Dynamic Land Ecosystem Model version 2.0 (DLEM v2.0) ] to quantify the effects of multiple environmental factors on the magnitude and spatiotemporal variation of CH 4 emissions from global rice fields during 1901-2010. The specific objectives of this study are (1) to estimate the magnitude of CH 4 emissions from global rice fields by applying different water schemes, (2) to investigate the spatial and temporal variations of CH 4 emissions from rice fields, (3) to quantify the relative contributions of multiple environmental factors to CH 4 emissions from rice fields, and (4) to discuss potential CH 4 mitigation strategies through water regime practices in the rice fields.
Materials and Methods

The Dynamic Land Ecosystem Model (DLEM)
In this study, we used the DLEM v2.0, which has the capability to simulate the carbon, water, and nitrogen fluxes and storages within the terrestrial ecosystem, and also the exchanges of greenhouse gases Global Biogeochemical Cycles 10.1002/2016GB005381 (CO 2 , CH 4 , and N 2 O) between the terrestrial ecosystems and the atmosphere. Five key components (biophysics, plant physiology, soil biogeochemistry, land use, disturbance and land management, and vegetation dynamics) are interconnected in the model. In brief, the biophysics component simulates the water and energy fluxes within the terrestrial ecosystems and their interactions with the environments. The plant physiology component simulates the key physiological processes, such as photosynthesis, respiration, allocation, and evapotranspiration. The soil biogeochemistry component simulates the processes of decomposition, nitrogen mineralization/immobilization, nitrification/denitrification, fermentation, and some other major biogeochemical processes in the soil including CH 4 production/oxidation and related processes. The land use, disturbance, and land management component simulates the impact of natural and human disturbances on the water and nutrient fluxes and storages in the land ecosystems. The DLEM is able to simulate the exchange of water, carbon, and nitrogen fluxes for both natural and human-dominated ecosystems (such as major crop types, i.e., rice, wheat, and soybean) at daily time step. In this study, we only focus on rice.
The DLEM simulation results have been extensively validated against a large number of field observations and measurements at the site level Ren et al., 2011; Tao et al., 2013; Tian et al., 2010; Tian et al., 2011] . The DLEM-estimated fluxes and storages of water, carbon, and nutrients are also compared with the estimates from other approaches, such as statistical-based empirical modeling, top-down inversion, or other process-based modeling approaches, at regional, continental, and global scale [Pan et al., 2014a [Pan et al., , 2014b Tian et al., 2015a Tian et al., , 2015b Yang et al., 2014] . The previous results indicated that the DLEM-Ag is able to realistically simulate the exchange of trace gases, such as CH 4 , at different temporal and spatial scales.
Description of the Agricultural Module in the DLEM
The agricultural module of the DLEM model (DLEM-Ag) incorporates the influences of agronomic practices on crop growth and phenology and other biogeochemical processes [Ren et al., 2012; Ren et al., 2011; Tian et al., 2012] . The DLEM-Ag has the capability to estimate the crop productivity (net primary production) and crop yield. The DLEM-Ag-estimated crop yield has been compared with census data at the provincial level and site-level observations in China [Ren et al., 2012; Tian et al., 2016a] , India [Banger et al., 2015b] , Africa [Pan et al., 2015] , and other regions of the world [Pan et al., 2014b] . Previous studies suggested that the DLEM-Ag could capture both the trend and magnitude of regional responses of crop production to global environmental changes [Tian et al., 2016a] .
The main crop categories in each grid were first identified according to the global crop geographic distribution map [Leff et al., 2004] and were then refined based on census data from Food and Agriculture Organization of the United Nations Statistics Division (FAOSTAT). The prescribed crop phenology was derived from large numbers of field observations and remote sensing data (i.e., Moderate Resolution Imaging Spectroradiometer leaf area index (MODIS LAI) and advanced very high resolution radiometer (AVHRR)), which encompassed the onset and development of foliage and also the dynamic of leaf loss [Ren et al., 2012] . Since global 1 km MODIS LAI is only available after the year 2000, we assumed the phenology unchanged before the year 2000. To improve the accuracy of rice distribution in China and India, we further refined the data of land use/land cover and cropping systems by incorporating the data extracted from the Chinese Academy of Agricultural Sciences (http://www.caas.net.cn) and multitemporal remote sensing images in China and high-resolution remote sensing data sets from Resourcesat-1 with historical archives at district and state levels in India .
In this study, the major agronomic management practices, including rotation, nitrogen fertilizer use, and irrigation, were identified. We considered three major cropping systems, i.e., the single cropping system, double cropping system, and triple cropping system. The rotation types were identified by incorporating the phenological characteristics from multitemporal remote sensing images [Yan et al., 2005] . Multitemporal data refer to a series of temporal data derived from AVHRR. We used the 10 day composited normalized difference vegetation index from AVHRR. Based on 36 time-phase data within a year, we could extract the information for crop growth. We assumed that the cropping systems remain unchanged over the study period. Nitrogen fertilizer use rates for China, India, and the United States were derived from county-level census data Banger et al., 2015b] , while information in other regions were based on Food and Agriculture Organization (FAO) country-level statistical data (http://faostat3.fao.org/download/E/EF/E).
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Different from previous studies, we designed three scenarios to depict the potential water management practices based on available data sets and a few assumptions and to determine the impact of water management practices on the rice CH 4 emission. In the Scheme 1 (SC1), we used the dynamic inundation data derived from Global Inundation Extent from Multi-Satellite (GIEMS) observations to determine the water status in the rice fields [Prigent et al., 2012] . GIEMS provides the surface water extent and dynamics at monthly time step during 1993-2007 with a spatial resolution of 0.5°× 0.5°longitude/latitude. Prior to 1993, we used the mean inundation extent derived from the seasonal variation of inundation dynamic for the 15 years (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . During the model simulation, once the grid cell was identified as rice fields, the inundation status would be checked against Prigent's data. If it was inundated, that grid cell would be irrigated until the soils reach inundation or the CH 4 fluxes would be estimated based on the DLEM-simulated soil moisture status in that grid cell. More details about the representation of soil moisture in the DLEM could be found in the supporting information. We considered SC1 as our best estimate because the dynamic inundation data were derived from multisatellite observation and reflected the irrigation status in the real world to a large extent. In the Scheme 2 (SC2), we used the global data set of monthly irrigated and rainfed rice areas around the year 2000 (MIRCA2000) to determine the irrigation status in the rice fields for the whole study period [Portmann et al., 2010] . In the SC2, the grid cell with rice field would be checked whether it was irrigated or rainfed rice field against Portmann's data. If it was irrigated, or rainfed and at the same time identified as inundation according to Prigent's data, we assumed that its soil water content would reach saturation. Otherwise, the soil moisture status will be calculated based on local climate and soil properties in that grid cell. The application of both Prigent and Portmann's data was to improve the estimation accuracy of irrigation and inundation status from multiple data sources. In the Scheme 3 (SC3), the rice fields were assumed to continuously flood. The differences in monthly inundated areas among the three scenarios of water scheme are presented in Figure S1 in the supporting information. Although the long-term irrigation data set is not available, the irrigation area could change along with the change in rice-growing area. For instant, the mean inundation extent derived from dynamic inundation data does not change over time, but the rice-growing area could vary year to year according to History Database of the Global Environment (HYDE) data (http://themasites. pbl.nl/tridion/en/themasites/hyde/landusedata/index-2.html). Thus, the corresponding irrigation area, which needs to be identified as rice and meanwhile be inundated, could change over the time.
Description of the CH 4 Module in the DLEM
In the DLEM, the CH 4 -related processes are assumed to only happen in the top 50 cm of soil. DLEM only consider CH 4 produced from dissolved organic carbon (DOC), which is the by-product of the decomposition of litterfall and soil organic matter, and allocation of gross primary production . Methane production, oxidation, and transportation from soil pore water to the atmosphere are involved in the 
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calculation of CH 4 exchanges between the rice fields and the atmosphere. The net CH 4 flux between the atmosphere and soil is determined by the following equation:
where F CH4 is the net flux of CH 4 between soil and the atmosphere (g C m
The DLEM considers CH 4 production from DOC, which is a function of environmental factors including soil pH, temperature, and soil moisture content ( Figure 1 ).
where V prod, max is the maximum rate of CH 4 produc-
), km prod is the half-saturation coefficient of CH 4 production (g C m
À3
), f(T soil ) is a multiplier that describes the effect of soil temperature on CH 4 production and oxidation, f(pH) is a multiplier that describes the effect of soil pH on CH 4 production and oxidation, and f prod (vwc) is a multiplier that describes the effect of soil moisture on CH 4 production and oxidation.
Three pathways are considered in the DLEM for CH 4 oxidation: (1) atmospheric CH 4 oxidation, (2) CH 4 oxidation in the soil pore water, and (3) CH 4 oxidation during plant-mediated transport. In this model, ebullition, diffusion, and plant-mediated transport are considered as three pathways by which CH 4 can be transported from soil pore water to the atmosphere. More detailed information about the features of the CH 4 module in the DLEM can be found in Tian et al. [2010] . CH 4 module in the DLEM has already been validated at regional scales, such as West Siberian Lowland and Sanjiang Plain [Bohn et al., 2015; Song et al., 2013] , at country level, such as China , and Canada [Miller et al., 2014] , at continental level, such as North America , and at global level [Melton et al., 2013; Tian et al., 2015b; Wania et al., 2013] .
Other Input Data
Several sets of georeferenced and time series input data are compiled to drive the DLEM model, including (1) daily climate data (maximum, minimum, and mean air temperature, precipitation, relative humidity, and downward shortwave radiation), (2) atmospheric chemical components (atmospheric CO 2 concentration, AOT40 O 3 index, and nitrogen deposition), (3) soil The time period indicates that driver data (e.g., climatic data and atmospheric chemistry data) were being used in those periods. In all-combined simulation, the averaged inundation data sets during 1993-2007 were used to represent the inundation extent of rice field before 1993.
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properties (soil texture, soil pH, and bulk density), (4) land use and land cover data, and (5) [Felzer et al., 2005] and further interpolated to daily data [Ren et al., 2007] . Atmospheric nitrogen deposition data were obtained from North American Carbon Program Multi-scale Synthesis and Terrestrial Model Intercomparison Project [Wei et al., 2014] . The basic soil physical and chemical properties, such as soil texture, bulk density, and soil pH, were obtained from the Harmonized World Soil Database [Wieder et al., 2014] . Cropland distribution was derived from the 5 arc min resolution HYDE v3.1 data and aggregated to half-degree [Goldewijk et al., 2011] . Inundation data from multisatellite observations were obtained from global Wetland Extent and Wetland CH 4 Intercomparison of Models Project [Prigent et al., 2012] . Further details of other input data can be found in the previous publications Tian et al., 2015b; Xu et al., 2010; Yang et al., 2014] .
Experimental Design
To determine the spatial and temporal patterns of CH 4 emissions and quantify the relative contribution of multiple environmental factors, we conducted 10 simulations in total (Table 1) . The model was first run to reach the equilibrium state and get the initial condition for the spin-up and transient simulations. In the equilibrium run, all the input data in 1900 were used to drive the model except climate data and inundation data. For climate data, we used long-term mean climate data during . For inundation data, we derived the seasonal variation patterns from 15 year (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) mean inundation extent. After the equilibrium run, the model was run another 900 years for the spin-up with detrend climate data from 1901 to 2010. The spin-up was to smooth the transition from the equilibrium state to the transient run. The transient runs for all-combined simulation were to get the estimation of CH 4 fluxes by considering all the natural and anthropogenic changes during 1901-2010 (S all-combined ). We conducted six simulations to quantify the effects of individual environmental factors (S single ), such as climate, atmospheric chemistry, land cover change, and land management practices on the CH 4 fluxes. For example, for the experiment without climate considered, we let all other input data change Figure 2. Evaluation of DLEM-estimated daily CH 4 emissions against observed data at Tuzu, Sichuan, China. Note: n = 365, Modeled = 0.8475 * Observed, R 2 = 2878, p < 0.0001 [Khalil et al., 1998 ].
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with time except climatic data, which was kept at the level of 1901. Then the effect of climate on the CH 4 fluxes was determined by S all-combined versus S single(climate) .
Model Evaluation Against Field Observations at Site Level
The key parameters for the CH 4 -related processes are derived from field observations ( Table 2) . In this study, we further evaluated the DLEM performance of the CH 4 emissions from rice fields at 31 observation sites ( Figure 2 and Table S1 in the supporting information). The comparisons of the DLEM-estimated CH 4 with site-level observations indicate that the DLEM can capture the daily and seasonal patterns of CH 4 emissions (Figures 2-4) . In The big differences of CH 4 emissions between the observations and the DLEM-estimations at PhilRice Central Experimental Station in Maligaya during 1996 were probably caused by the commence use of organic amendments in that year at the experimental site. The addition of organic amendments could provide the rich substrate for the methanogens which greatly stimulate the CH 4 emissions in that year. Thus, the observed CH 4 emissions during the dry and wet seasons in 1996 were obviously higher than the other years ( Figure 3a) . Compared with the dry season, the amount of CH 4 emissions during the wet season were much greater at PhilRice Central Experimental Station and the DLEM was able to capture the seasonal variation of CH 4 emissions. For the double rice cropping system, the DLEM-estimated CH 4 emissions were comparable with the observations during the 5 year experiment in southeast China [Lu et al., 2000] . Table   S1 ). 
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3. Results
Multiple Environmental Changes in the Global Rice Field During 1901-2010
During 1901-2010, global rice fields increased at a rate of 0.43 Mha/yr and meanwhile experienced substantial environmental changes ( Figure 5 ). Atmospheric CO 2 concentration steadily increased from 296.4 ppm to 391.9 ppm. At the same time, both precipitation and temperature showed large interannual variations in overall significant increasing trends of 6.2 mm/decade and 0.075°C/decade (p < 0.01). AOT40 increased rapidly since the 1950s, with the largest increase occurred in Asia. Rice fields received more amount of nitrogen through fertilizer use than deposition. The amount of nitrogen through atmospheric deposition was around one fifth of the amount of fertilizer use in the 2000s. Both nitrogen fertilizer use and deposition increased slowly before the 1960s and then enhanced dramatically afterward, at an overall increasing trend of 1 and 0.12 kg N/ha/yr, respectively.
Temporal Changes in Global CH 4 Emissions
In this study, we quantified the CH 4 emissions from global rice fields during 1901-2010. For the SC1, we determined the inundation status in the rice fields based on multisatellite observations, the estimated CH 4 emissions increased from 10.4 ± 0.2 Tg CH 4 /yr (Avg. ±1 SD, same hereafter) in the 1900s to 19.2 ± 1.9 Tg CH 4 /yr in the 2000s with a significant increasing trend (0.1 Tg CH 4 /yr, p < 0.01) (Figure 6 ). The dynamic inundation data only cover 1993 to 2007; hence, the estimate of CH 4 emissions during this period was 20.5 ± 1.4 Tg CH 4 /yr. For the SC2, the DLEM-estimated CH 4 emissions were 18.3 ± 0.1 Tg CH 4 /yr when soil moisture was determined by one-phase monthly irrigation/rainfed maps. For the SC3, we assumed that the rice fields were continuously flooded, and the DLEM-estimated CH 4 emissions were 38.8 ± 1.0 Tg CH 4 /yr during the 2000s. Compared with the SC1 and the SC2, continuously flooding could double the CH 4 emissions from the global rice fields.
For the intra-annual variation, the DLEM estimation showed that CH 4 emissions increased from early February and reached a peak emission during July to August, which was partly due to the larger area of rice planted and 
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the high rates of CH 4 emissions during this time period, and then leveled off from September ( Figure 7 ). The seasonal contribution of the CH 4 emissions varied at different continents. In Asia, the estimated CH 4 emissions in spring, summer, autumn, and winter contributed 22%, 38%, 25%, and 15% of the annual emission, respectively. In North America, the CH 4 emissions in spring, summer, autumn, and winter contributed 28%, 32%, 21%, and 19% of the annual emission, respectively. The DLEM-estimated CH 4 emissions during the growing and nongrowing season accounted for 76% and 24% of the annual emission, respectively.
Spatial Patterns of Global CH 4 Emissions
When investigating CH 4 emissions in the SC1 along the latitudinal gradient, our results showed that the estimated CH 4 emission from rice fields peaked (1 Tg CH 4 /0.5 latitude) at around 21°N-22°N and 23°N-24°N, mainly due to the distribution of large rice fields in subtropical and tropical Asia (Figure 8 ). Further analysis suggested that tropical region (30°N-30°S) contributed 85% of the estimated global rice emission, followed by northern midlatitude (30°N-60°N) and southern midlatitude (30°S-60°S). From the continental perspective, Asia was the primary emitter, which contributed around 94% of the total rice emissions. Country-level analysis showed that India and China were two biggest contributors to the global rice emissions. The DLEM-estimated rice CH 4 emissions were around 4.99 ± 0.36 Tg CH 4 /yr in India and 3.61 ± 0.16 Tg CH 4 /yr in China, which accounted for 24% and 18% of the estimated CH 4 emissions from global rice fields, respectively.
Relative Contributions of Multiple Environmental Factors
Through factorial simulation experiments, we further quantified the relative contribution of environmental factors to the cumulative rice emission. Our simulations indicated that land conversion from natural vegetation to rice fields played the dominant role in the increase of the rice emissions, which was around 49.44% (4.36 Tg CH 4 /yr) of the total increase in global CH 4 emissions from rice fields (Figure 6 ). 
Discussion
Comparison With Other Studies
Over the last two decades, due to the increasing number of field measurements, the availability of remote sensing observations, and the improved understanding of mechanisms responsible for the CH 4 emissions in rice fields, the accuracy of the estimated rice emissions has been improved and the magnitude of the Global Biogeochemical Cycles
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estimated rice emissions turned out a downward trend in previous studies [Chen and Prinn, 2006] . In this study, the DLEM-estimated CH 4 emissions from rice fields were 18.3 ± 0.1-38.8 ± 1.0 Tg CH 4 /yr during the 2000s by applying different water schemes. The assumption of continuous flooding for the rice fields may overestimate the CH 4 emissions. Here we compared our results with the studies from recent 10 years at both global and country levels. In general, the estimations from top-down approaches (44-115 Tg CH 4 /yr) [Bergamaschi et al., 2007; Bloom et al., 2010; Chen and Prinn, 2006; Spahni et al., 2011] were much higher than those from both inventory (25.6-41.7 Tg CH 4 /yr) [Yan et al., 2009] and bottom-up (24.8-44.9 Tg CH 4 /yr) approaches [Ito and Inatomi, 2012; Spahni et al., 2011] , which was probably due to the higher estimation of prior information of either rice field distribution or the estimated CH 4 emissions being used in top-down studies [Bergamaschi et al., 2007; Bloom et al., 2010; Chen and Prinn, 2006] (Table. S2 ). To the best of our understanding, our study incorporated the "state-of-the-art" information from multisatellite observationsderived inundation data and inventory-based, monthly irrigated rice area to determine the water status in the rice fields and narrow down the current estimation of CH 4 emissions from rice field. Most of the previous ecosystem models treated rice as one type of wetland and applied the same schemes to calculate the CH 4 fluxes. Due to the consideration of the noninundation status in the rice fields, the estimated annual CH 4 emissions were largely reduced.
For the contemporary period , FAO (http://faostat3.fao.org/home/E), Emission Database for Global Atmospheric Research (EDGAR) (http://edgar.jrc.ec.europa.eu/part_CH4.php), and Environmental Protection Agency (http://epa.gov/climatechange/ghgemissions/gases/ch4.html) provided time series estimation of CH 4 emissions from rice fields. The magnitudes of DLEM-simulated CH 4 emissions were comparable with other estimations; however, the interannual variation in CH 4 emissions was diverging from each other. For FAO estimation, there is no significant interannual variation. For EDGAR, the estimated CH 4 emissions decreased 33.6 Tg CH 4 /yr from 2000 to 2004 and then started to increase afterward until 2010 (37.6 Tg CH 4 /yr) (Figure 9 ), which may be attributed to the similar trend in harvest area during the 2000s [FAOSTAT, 2014] . It is worth noting that the increase of CH 4 emission after 2007 may also contribute to the resumption of atmospheric CH 4 concentration increase. For the DLEM-estimated CH 4 fluxes, the annual variation is determined by both the spatial and temporal variations of inundation status and environmental heterogeneity in the rice fields. In the SC1, DLEM-estimated CH 4 emissions showed a great reduction after 2004, which may be caused by climatic change (Figure 9 ). Further analysis indicated that South and Southeast Asia contributed over 85% of the reduced CH 4 fluxes. At the country level, India and Indonesia played a major contribution. Previous studies suggested that severe drought happened in Northeast India during the summer monsoon in 2006 [Bergamaschi et al., 2007] , which may reduce the CH 4 emissions. In Indonesia, the monthly mean temperature in Global Biogeochemical Cycles
DLEM-simulated intra-annual variations in CH 4 fluxes showed consistent patterns with the column-averaged CH 4 mixing ratio from atmospheric inversion estimation [Bergamaschi et al., 2007] . The estimated CH 4 emissions during winter also contributed a small portion of the total amount emitted annually. At the global scale, the estimated CH 4 emissions during the non-growing season accounted for almost one fifth of the annual emission, which was within the range estimated by Weller et al. [2016] . In the United States and China, some of the rice fields during the nongrowing season are still being flooded in order to provide the habitat for waterfowl and migratory birds [Wood et al., 2010] , which may lead to CH 4 emissions.
Most country-level analyses of CH 4 emissions from rice cultivation were inventory-based (Table S2) . Previous estimation of rice emission in China ranged from 5.2 to 11.4 Tg CH 4 /yr as estimated by inventory studies ; Second National Communication on Climate Change of The People's Republic of China, 2012; Yan et al., 2009; Zhang and Chen, 2014; and ranged from 4.1 to 7.5 Tg CH 4 /yr in bottom-up estimations [Kai et al., 2010; Wang et al., 2008; Zhang et al., 2011a] . The DLEM-estimated rice emissions were around 3.2-5.6 Tg CH 4 /yr. The differences among studies were probably caused by various water regimes being used. During the last two decades, China has already improved water management and fertilizer use in the rice fields. Intermittent drainage together with other water management practices has been applied to a large portion of rice fields over China, and field observations also confirmed that water-saving management could largely reduce or even cease the CH 4 emissions . In India, 55% of the rice field was irrigated and the rest were either rainfed upland or lowland rice field [Bhatia et al., 2013] . By applying the Intergovernmental Panel on Climate Change 2006 guidelines, estimated CH 4 emissions from rice cultivation in India were around 3.4 to 6.1 Tg CH 4 /yr [Bhatia et al., 2013; Garg et al., 2011; Yan et al., 2009] , which is similar to the DLEM estimation (4.99 Tg CH 4 /yr).
Climate Effects on CH 4 Emissions
Our simulated results showed that over the study period, climate variability/change had reduced CH 4 emissions from rice field. Both China and India experienced global warming [Jain and Kumar, 2012; Li et al., 2010] , which changed the availability of soil moisture content and carbon substrate, and further affected the CH 4 emissions from rice fields [Laborte et al., 2012; Tokida et al., 2011] . Precipitation is another key climatic factor which governed the CH 4 emissions, especially in Southeast Asia, such as Indonesia, Myanmar, and Thailand, where 40%, 79%, and 35% of the rice area were under rainfed, respectively [Redfern et al., 2012] . The reduction in precipitation or shifting in timing and magnitude of rainfall event may cause crop failure, which could further reduce CH 4 emissions from the rice fields.
Effects of Land Use and Water Use on CH 4 Emissions
Land cover and land use change, including land conversion, irrigation, and nitrogen fertilizer use, had significant impacts on the CH 4 emissions. Our input data indicate that the rice cultivation area between the 1900s and the 2000s increased by around 38%, which was partially supported by the global rice harvest area derived from census data from FAO and U.S. Department of Agriculture. The expansion of rice cultivation is the primary factor that led to an increase in rice CH 4 emission. Water management regimes, like different irrigation practices, could effectively mitigate CH 4 emissions, which are well documented in Asian countries [Corton et al., 2000] . Intermittent irrigation could reduce CH 4 emissions by 22-80% as compared with continuous flooding [Jain et al., 2000; Lu et al., 2000; Wang et al., 2000b; Wassmann et al., 2000] .
Previous study suggested that the improved water use efficiency and the rapid rise in chemical fertilizer use were the dominant contributor of the reduced CH 4 emission between 1980 and 2005 [Kai et al., 2011] , which was partially contradictory to our results. In Kai et al. [2011] , they attributed the change of CH 4 growth rate since 1980 to the reduction of CH 4 emission from the rice field by assuming that there was no significant change in both wetland area in the northern hemisphere and CH 4 emission from global wetlands. However, Prigent's data revealed that the global inundation extent decreased dramatically, at the rate of 67,700 km the CH 4 emission in rice fields without considering the organic amendments, ignoring complex effects of nitrogen fertilizer use on both CH 4 production and oxidation processes [Banger et al., 2012] . Liu and Greaver [2009] demonstrated that in the anaerobic agricultural system, CH 4 emissions increase by 0.008 ± 0.004 kg/ha/yr per l kg N/ha/yr fertilizer use. Banger et al. [2012] analyzed 155 data pairs in rice fields and 64% of them showed CH 4 emissions increase in response to nitrogen fertilizer application. In our study, nitrogen fertilizer use could promote the crop production, which provided higher litter input, root biomass, and root exudation for the carbon substrate of methanogens and stimulated the CH 4 production. At the same time, it could accelerate water transpiration in N-limited area, lowered soil water content given a certain amount of rainfall, and thus increased CH 4 oxidation while depressing its production . Our study agreed with Kai et al. [2011] that the improved water management could reduce the CH 4 emissions in rice field.
Effects of Other Atmospheric Chemistry Components
In our study, atmospheric CO 2 concentration enrichment has induced an increase of 2.25 Tg CH 4 /yr in CH 4 emissions from global rice fields from the 1900s to the 2010s ( Figure 6 ). Elevated CO 2 could stimulate belowground carbon production, which may provide more substrate for methanogens activity [Allen et al., 2003; Jackson et al., 2009; Pregitzer et al., 2008; Zak et al., 2000] . Field observation confirmed that under free-air CO 2 enrichment experiment, CH 4 production from the rice fields was significantly greater than that under ambient conditions [Dijkstra et al., 2012; Inubushi et al., 2003] . Chen et al. [2013] found the increasing trend of CH 4 emissions from the rice fields in China as a result of elevated atmospheric CO 2 concentration. Meta-data analysis for the effect of elevated CO 2 on CH 4 emissions revealed that CO 2 enrichment could stimulate CH 4 by 43.4% in the rice fields [van Groenigen et al., 2011] . Under the future climate scenarios, atmospheric CO 2 concentrations are expected to continue increase, which may further stimulate the CH 4 emission in the rice fields [IPCC, 2013] .
During 1901-2010, global nitrogen deposition enhanced at an increasing rate of 0.12 kg N/ha/yr. Nitrogen addition could promote crop growth and provide more carbon substrate for the microbial activity and hence stimulates CH 4 emission. In the 2000s, nitrogen deposition increased the CH 4 emissions by 0.08 Tg CH 4 /yr ( Figure 6 ). The level of tropospheric ozone as indicated by AOT40 has significantly increased especially after the 1990s in China and India [Ren et al., 2007] , which reduced the CH 4 emissions [Bhatia et al., 2011; Zheng et al., 2011] . At a global level, however, this study showed that tropospheric ozone pollution had a minor influence on rice CH 4 emission compared with other factors.
Uncertainties and Future Research Need
Our estimation of CH 4 emissions from rice cultivation must be used with caution because of much uncertainty resulting from input data, model structure, and parameters. Estimate uncertainties may be resulted from the inaccurate spatial distribution of rice cultivation and agronomic practices being applied. In this study, we have incorporated the map of global crop geographic distribution with regional agricultural census data derived from FAOSTAT along with the multiple rotation types to generate the distribution of rice fields; however, there are still discrepancies among various rice distribution maps due to the differences in georeferenced resolution as well as the lack of information on rice cultivation over some regions of the world. In addition, we applied different irrigation schemes to determine the impact of irrigation on the CH 4 emission from global rice fields. In the SC1, we identified the inundation status of rice cultivation by using the observation from multisatellites, which only covers from 1993 to 2007. This may bring large uncertainties to the estimated CH 4 emission from other years. Besides, the satellite data sets may underestimate some small paddy field (few hectares) [Prigent et al., 2007] , which could result in the underestimation of CH 4 emission. The DLEM inexplicitly addressed CH 4 emission associated with the crop residues through model parameterization. However, DLEM used time-invariant parameter to estimate the amount of crop residue returning to the field, which could introduce some uncertainties. More explicit, representation of such processes is needed to reduce the uncertainties.
Several additional issues have been identified for advancing our research in the future, including (1) improving spatial resolution of input data and subgrid heterogeneity for driving the model and (2) improving model representation of additional processes that regulate the CH 4 emission in rice field. Finer-resolution data are needed for future model application at multiple spatial scales, which will serve to make more realistic Global Biogeochemical Cycles
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assumptions based on conditions that are truly happening in the real world [Pan et al., 2014a] . In this study, all the data sets have a spatial resolution of 0.5°× 0.5°longitude/latitude. However, in reality, the water regimes might be highly variable at the local scale, such as field to field variation or variation within field. The current assumption of homogeneous water regimes applied in each individual grid needs to be improved by considering the subgrid variability in water regimes.
In addition, the model representations of rice varieties and iron reduction/oxidation are needed to better estimate CH 4 emission in rice field. Rice variety is a key factor to regulate the CH 4 fluxes . Different types of rice could provide various amounts of root-derived carbon and also differ in structures which regulate the pathway to diffuse the oxygen flux to the soil and transport CH 4 to the atmosphere. At the same time, the improvement in rice varieties over time could contribute to the variation of CH 4 emission. For example, modern rice varieties often shorten vegetation periods and meanwhile may adapt to multiple environmental changes, such as extreme climate, which directly and indirectly regulate the total CH 4 emissions. Other critical factors, such as iron reduction/oxidation processes [Van Bodegom et al., 2002] , were missing in the current version of the DLEM. These factors or local practices are very important in regulating the CH 4 emission but have a large spatial and temporal variabilities, which are very difficult to collect at the large scale [Van Bodegom et al., 2002] . This limitation of data over a large scale makes it impossible to incorporate such information and processes into the model for a global level estimation at the current stage of study.
Conclusion
Given the importance of the CH 4 emissions from the global rice fields, it is vital to provide robust estimation before developing climate mitigation strategies. Rice fields serve about half of the world population. The production and management practices for the rice fields affect food security, water scarcity, and the feedback to climate change. It can be anticipated that to meet the demand of boost population, rice cultivation area is expected to increase, which could result in more CH 4 emissions. Despite some remaining uncertainties, our process-based modeling study provides the state-of-the-art estimate on the magnitude and spatial-temporal variability of CH 4 emissions from global rice field. Our results suggest that CH 4 emissions from global rice field varied from 18.3 ± 0.1 to 38.8 ± 1.0 Tg CH 4 /yr during the 2000s depending on different water management practices. The estimated CH 4 emission from the global rice field under continuous flooding could be reduced by more than 50% if intermittent irrigation would be applied. The optimized irrigation strategies could have potentials to attenuate the water scarcity, and meanwhile reduce the CH 4 emissions. Thus, more works need to be done to determine the optimum level of water content to simultaneously reduce CH 4 emissions as well as achieve sustainable rice production.
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